Modified genetic algorithm with special phenotypes' selection and crossover operators with default specified rules is proposed in this paper thus refusing the random crossover. The suggested crossover operator enables wide distribution of genes of the best phenotypes over the whole population. During selection and crossover, the best phenotypes of the newest population and additionally the genes of the best individuals of two previous populations are involved. The effectiveness of the modified algorithm is shown numerically on the real-life global optimization problem from civil engineering -the optimal pile placement problem under grillage-type foundations. This problem is a fair indicator for global optimization algorithms since the ideal solutions are known in advance but with unknown magnitudes of design parameters. Comparison of the proposed algorithm with 6 other stochastic optimization algorithms clearly reveals its advantages: at similar accuracy level the algorithm requires less time for tuning of genetic parameters and provides narrower confidence intervals on the results than other algorithms.
Introduction
In this paper, we propose a new genetic algorithm with modified crossover operator and compare it with other well-known stochastic optimization algorithms. As a benchmark the problem of pile placement optimization under grillage-type foundations is chosen. The grillage foundations consist of piles driven to the ground, and connected on the top with girders. The in-plane configuration of girders may be complex, and the number of piles may reach several tens (few examples of grillages are provided in the Appendix). Here we consider that the optimal grillage is the grillage with minimal number of piles of given stiffness characteristics, and the reactive forces in piles are equal. This can be achieved changing the positions of piles under girders. In ideal case the reactive forces in all piles are distributed evenly and are equal to the bearing capacity of pile. Practically this is hardly possible, since the theoretical number of piles which is obtained dividing the total loading on the foundation (i.e., all active forces plus the dead weight of the erection) by bearing capacity of pile, is common case not the integer number. Also, some technological requirements can hinder achieving the ideal scheme, e.g., the given minimal 394 M. Ramanauskas, D. Sesok, R. Belevicius, E. Kurilovas, S. Valentinavicius allowable distance between adjacent piles due to pile-driver characteristic, or the presence of the given immovable piles that are introduced into placement scheme by a designer (usually at the corners of girders) and do not change their position in the optimization process.
The pile placement problem is ideal for comparison of global optimization algorithms. Firstly, the global solution -the reactive force that should be evened out in all piles is known in advance. Secondly, the practical solution of the problem shows that the landscape of objective function is complex and has many local extremes. Usually, the objective function is very sensitive to the pile positions: even small changes position of one pile sometimes leads to a large alteration of objective function. All this makes the problem a complex global optimization problem. The mathematical models of optimization of grillage-type foundations were formulated and the solution algorithms were suggested in [4] , [3] . Three problems were solved: pile placement seeking for even distribution of reactive forces in piles, pile placement seeking for least bending moments in the connecting girders, and integrated problem for minimization of reactive forces and bending moments. In case of two last problems the global solution cannot be obtained in advance, therefore it is not a right choice for comparison of optimization algorithms. The first problem was solved in [10] employing all popular at that time stochastic optimization algorithms. In all these algorithms a phenotype, or an individual, is the approximate mathematical model of the whole grillage. The fitness of a phenotype is measured by a maximum reactive force magnitude among all piles, i.e., the fittest individual has the least reactive force. In [15] , combination of the sizing and topology optimization is observed, however the piles are aggregated to special groups of pile. Exhaustive technical details on the design of grillages can be found, e.g. in [13] . Also, this problem was solved by the new several dimension optimization method BAcoor [8] , [9] . The last method outperformed all other algorithms for the grillages where the piles have to be placed at very uneven distances. At more even distribution of piles the classical stochastic algorithms provided better results.
In all cases genetic algorithm (GA) with carefully tuned genetic parameters provided best results or results close to the best solutions. Among these parameters, the crossover operator plays significant role [4] , [7] since it combines the information contained in the previous individuals in order to obtain fitter phenotypes. Therefore, in this paper, the main attention is given to the crossover operator. The crossover was investigated, e.g., in [5] where a gender was assigned to each individual and the crossover was performed only between individuals of opposite genders. In many cases the crossover operator is dedicated for a particular type of problems, e.g., operator EAX for traveling salesman problems [15] , [11] .
There are five chapters and appendices in this paper. In the second chapter, the ideas of new crossover operator and its implementation are described. The third chapter depicts the problem under consideration -the analysis of grillage-type foundations via finite element method. In the fourth chapter, the optimization problem along with all requirements for fair comparison of optimization algorithms are given, and the obtained results are discussed. In the final section, some general conclusions are drawn.
Modified crossover operator
In the classical genetic algorithm, the initial population of a given length N is created. Then, using selection and crossover operators the new individual generations are generated. During the selection, the fitter individuals have better chances to be included into the next generation. The probability of an individual to be selected for a next generation is usually directly proportional to the ratio of its objective function value with the best function value in the present population. Instead of individuals that do not enter into the new generation, the new random individuals are created. After the selection, the random individuals interchange genes between them during Genetic Algorithm with Modified Crossover for Grillage Optimization 395 the crossover operation. This does not guarantee that after the selection all best genes will survive and will get into the new generation. If the non-elitist strategy is employed, always a certain probability exists that even the individual representing the global solution will not pass the selection. It also should be noted, that in classical algorithm the crossover operator is applied only to the individuals of newest generation. Thus, the individuals of previous generations are completely lost. We suggest the following modified selection and crossover operations:
• The new population is created not only of crossbred individuals, but also of the best individuals of two previous generations. Thus in the current population coexist parents and grandparents.
• One-third of the best individuals participate in the crossover, and each individual is interbred twice with in advance definite individuals.
• Thus, less random genetic parameters must be chosen for the algorithm; only the breeding point and mutation probability have to be selected.
The crossover rules are summarized as follows:
The individual a i of a succeeding population A j (j = 0) is obtained breeding N best individuals of the generation A j−1 according to the equations:
where the × denotes the crossover operations. 3. Population A j (j > 1) consists of 3·N individuals: N crossbred individuals of generation A j−1 and two groups of size N of the best individuals from generations A j−1 and A j−2 . Thus, the recursive function for creation of populations is:
is the set of N individuals of the i th generation with the best objective function values A × i , is the crossover operator breeding the individuals of the i th generation according to the rules shown. Thus, the proposed rules do not require tuning of selection parameters. The third rule also guaranties a special elitist strategy, i.e., the individual with the best objective function value is retained from generation to generation. On the other hand, passing into the next generations only the fittest individuals of preceding populations may narrow the search space. Sufficient diversity of a population therefore is achieved by a classical mutation with a rather high probability that should be tuned for the problem under consideration.
Grillage optimization model
One individual of a routine population is the approximate mathematical model of the grillagetype foundation. Grillage is discretized by the finite element method into 2D beam element mesh with out-of-plane boundary conditions instead of piles. Out-of-plane active forces consist of the self-weight of the erection, plus all active forces according to Eurocodes. The girders of 396 M. Ramanauskas, D. Sesok, R. Belevicius, E. Kurilovas, S. Valentinavicius a grillage are approximated as two-node beam elements with fixed cross-section and material characteristics. The piles are represented as the supports with specified displacements (zero displacements are the most common case). Alternatively, piles are regarded as supports with specified stiffness characteristics. Generally, the maximum reactive force among all piles is treated as the objective function.
Supports of the first type are rather non-realistic representations and sometimes yield misleading analysis results. For example, when multiple supports are needed to carry large concentrated load, this kind of supports will lead to a logjam. If odd number of supports is placed under load, the central support will be located just beneath the load and will take all the force. In case of even number of supports the "saw-teeth" like distribution of reactions is observed, and the more supports will be installed, the larger in absolute value reactions will arise.
The optimization problem is defined as in
Here f (x) is the objective function, D is the feasible shape of structure, which is defined by the type of certain supports, the given number and layout of different crosssections as well as different materials in the structure. f (x) is defined by the maximum difference between vertical reactive force at a support and allowable reaction for this support, thus allowing us to achieve different reaction at supports on different beams, or even at particular supports on the same beam:
Here N s denote the number of supports, R allow is allowable reaction, c i are factor to this reaction and R i are reactive forces in each support.
Finite element matrices and sensitivity analysis
The problem has to be solved in statics and in linear stage
Here [K] is the stiffness matrix of grillage, {u} are the displacement of grillage nodes, and {F } -the loadings. The reactive forces at a rigid supports are obtained using equation
where a part of nodal displacements (displacements of free nodes) are already obtained via, and the displacements of nodes representing the rigid supports are specified (usually -zero). If the supports have finite stiffness k i ,
If the local search around the certain solution obtained by stochastic optimization algorithm is implemented, the sensitivity information is the must. The sensitivity analysis is performed using the pseudo-load approach; thus, the numerical calculation of derivatives can be avoided. Denoting the support positions by
Here the derivative of stiffness matrix is obtained analytically, while the derivative of displacements supposes solution of the general sensitivity equation:
The derivatives of load vector are obtained also in a closed form, analytically. A simple twonode beam element with 6 d.o.f's at a node (three displacements and three rotations about local element axes) is employed in the analysis. Details on the stiffness matrices of an element may be found in many textbooks, e.g., [16] .
Program. Original Fortran program is used for obtaining the objective function value. First of all, the finite element mesh along with all needed data is prepared by a special pre-processor. Some initial data for the pre-processor are constant and do change in the optimization processthe configuration of the grillage, self-weight of the structure and active loadings, material characteristics. The locations of piles are obtained from the guess of optimization algorithm. Since supports have to be placed under the girders of grillage, first of all the grillage is "unfolded" to one-dimensional construct, and locations of all supports are freely chosen along the whole length of this construct. After that, the initial configuration is restored. From all this input, the preprocessor automatically prepares the finite element mesh introducing nodes at support points, discontinuities of material and cross-sections properties, etc. The third independent program analyses the finite element results and provides the objective function value. Model transformation patterns are obtained by using the Formal Concept Analysis [10] , where relations and element meta-classes of target and source models are linked together based on model classification group links that have similarities between them.
Numerical results and discussion
10 different grillages possessing from 17 to 55 piles, i.e., the optimization variables were optimized. Data for these problems (see Appendix 1) are obtained from several Dutch design bureaus which use the professional software package MatrixFrame (http://www.matrix-software.com/Uk /structuralengineering/matrixframe/index.html) for structural engineering. Seven different optimization algorithms are compared. 28 independent numerical experiments were performed with each algorithm. In order to have fair comparison, the objective function was evaluated 5000 times in each experiment. The following algorithms were employed [10] : modified random search (MRS), simulated annealing (SA), simplex (SM), the variable metric method NEWUOA [10] , [12] , [14] , BAcoor, and the proposed genetic algorithm with modified crossover (MCGA).
Comparison of all algorithms is provided in the Fig.1 . Since total number of objective function evaluations is 5000, small populations of 15 individuals were created in 333 generations. The mutation probability after few numerical experiments was set to 15%. All numerical results of 28 independent experiments are rendered in Appendix 2. Thus, in three cases the proposed algorithm outperforms all other algorithms. Compared to the classical genetic algorithm, the results of MCGA is better for almost all problems considered. The ideal solution was not found for any problem, however, the differences compared to the ideal solutions do not exceed 5% for problems No. 2, 5 and 7. Results for problems No. 3, 4, 6, 7 and 9 differ from global solutions till 8%. Summarizing, the SA showed the performance for the grillage optimization problems, however, the NEWUOA, MCGA and GA (excluding the simplest structures No. 
Conclusions
In rather simple configurations of grillages where the optimal distribution of piles due to the geometry and given loadings is more or less even, the proposed method MCGA outperforms other popular stochastic optimization algorithms. Additionally, this algorithm requires less effort in tuning of algorithm parameters. The crossover and selection parameters are forecasted in advance by recursive crossover rules. Also the confidence intervals for results of MCGA are always narrower than those of BAcoor. Only for grillage configurations requiring larger number of supports and their uneven distributions, it loses to NEWUOA and BAcoor. Thus, the proposed method can be treated as a new global optimization algorithm that is simpler to use as the classical genetic algorithm but providing better or similar level of accuracy. 
